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The Standard Model & the Higgs Boson

A. Podkowa

Leptons

m Models particles and their interactions
m Higgs Boson is the only missing piece of the Standard
Model



What Exactly Are We Looking For?

WH—WWW —1v.jj.jj

Higgs Search

m Involves searching for a small Signal in about 1400x as
much Background!



How Do We Detect Particles?

Muon Scintillators
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[Muon Chambers
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Higgs Search
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Tracker:
For tracking charged
particles

EM Calorimeter:
Mostly absorbs energy from
electrons and photons

" Hadronic  Muon
alorimeter Detector

Hadronic Calorimeter:
Mostly absorbs energy from
quarks and gluons (jets)

Muon System :
Mainly Muons make it here.
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Higgs Search

How Do We Look for This Process?

m Overview:

Use a C++ code framework (wh_cafe)

Generate Monte Carlo Simulations corresponding to the
signal and background processes

Process kinematic properties of the data & MC

Train Multivariate Classifiers using Computer Learning
Techniques

Apply Multivariate Classifiers to the data & MC

Search for excesses corresponding to the signal

Run statistical analyses to determine the significance of the
findings (COLLIE)



Machine Learning & Multivariate Analysis

m Many Moderately Significant Variables into One Very
Significant One

m We use Machine Learning techniques to perform
Multivariate Analyses

m Machine Learning occurs in two phases:

Computer analyzes two data samples (signal & background
MC) for differences based off of a list of variables

Classification:

Computer uses what it “learned” to classify data as signal or
background




Progress This Summer

m Where We Began

m Only Electron subchannel Working
m Small amount of selections

m Small subset of the data.

m No WWW specific variables

Progress



Progress This Summer

m Where We Began

m Only Electron subchannel Working
m Small amount of selections

m Small subset of the data.

m No WWW specific variables

Fregess m Where We Are Now

Both Electron and Muon subchannels Working

Added WW W variables

MVA Training

MVA Application

COLLIE Input Generation — Preliminary Sensitivity Plots
Added more Data (Up to 7.5 fb'!)



What | Did

Maintained and Administrated a fork of wh_cafe

Integrated W — jj Reconstruction Code into wh_cafe

Developed C++ code for:
m Multijet MVA
m Final MVA
m Statistical Inputs to COLLIE (Sensitivity Plots)

What | Did

Debugging



W Reconstruction

m To be able to analyze the intermediate state of the
channel, we needed to reconstruct the W's

m Need to appropriately combine the jet, lepton and neutrino
4-vectors to obtain W's

m Thankfully, W — v was already defined in wh_cafe
m W —jj: required a little thought
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Generate each jet combination (12_34, 13 24, 14 23)
Calculate the mass of each jet pair.
Calculate Error in each W mass by using
Ami; = mg; —mw,
where myy = 80.399 GeV (PDG)

Sum the errors together:

E[mij,kl] = ‘Amij + ‘Amkl)

Select the combination with the lowest summed error
[@ Label lower mass W as Wj and the Higher Mass W5

Allowed Us to Add 25 New Variables!

11/21



Ve

Variables—Example

WH — . 2 .

R ‘ KS: 0.726, 52 | :0.142
V+4 jets, Pre-tag Data (Expected)

Int.: 2800 (2810.1 + 40.2)

DY Runlib23, internal Muitijet
Int.:1240.1+ 38.6

WeIf
r SIB: 7e-04, SNB: 0.039 Int:547.5+ 7.7

W+e
Int.:192.8+ 4.6

W+b
Int.:56.0+ 1.7

_entries (.12 Ge)/c *

Z+if
Int:848+ 2.6
Z+c
Int:29.9+ 1.0
Z+b
Int: 108+ 0.3

100 i
Int.:579.5+ 58
single-top

Int: 120+ 0.2

.
Int: 7.4% 02
m
Int:47.5+ 0.8
m:
Int: 1.7+ 0.1

WWW, m[165GeV/c 7] (x500)

15 2 25 3
W, W, angle, GeV/c’ Int: 205 04

Angle between W, & Wy
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Reducing Multijet Background

KsS: 0.230, ¢ : 0.000
pvalue

V+4 jets, Pre-tag Data (Expected)
Int.: 2800 (2810.1 + 40.2)
DJ Runllb23, internal Multijet
00 Int.:1240.1+ 38.6
W+
SIB: 7e-04, SNB: 0.039 Int:547.5+ 7.7

Wi
Int.:192.8+ 4.6
Web
Int:56.0% 1.7

e Z4if
int.: 848+ 26

ﬁ_ = e
Int:29.9:+ 1.0

—_— [ e
Int: 108+ 03

tt

Int.:579.5+ 58
single-top

Int.: 120 0.2

—F:

Int: 7.4+ 0.2

1
Int:47.5+ 0.8

-lzz! 1.7+ 041

int: 1.7+ 0.

50 100 150 200 250 300 350 400 450 A , mi165CeVic *| (x500)
W.W, mass, GeV/c Int: 2.1+ 0.1

aentrigs / 37,50 Gey/c 2
(=} (=3
=] =]

=)
=]
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w
=]
=]
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Multijet MVA

-
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PC)

m Multijet Background is dominant
m Occurs when we have 5 jets with one “faking” a lepton
m Solution: Perform a Multivariate Analysis!



Multijet MVA

KS: 0.024, x:‘_"m-: 0.099

Data (Expected)
Int.: 2800 (2810.1 + 40.2)
DJ Runllb23, internal - Multijet

Int.:1240.1% 366

x10°  V+4 jets, Pre-tag
1

Wit
S/B: 7e-04, SNB: 0.039 Int.:547.5+ 7.7

entries / 0.12

Wee
Int:192.8+ 4.6

[ b
Int:56.0+ 1.7

z+if
Int:84.8+ 26

e s 10
T o o5
|T

0% 02

-
e Int: 7.4+ 0.2
-

— Int:47.5+ 08

Multijet MVA

——— 2z

0 - Int.: 1.7+ 04

% 08 06 04 02 0 02 04 06 08 .
MVA Multijet, m (105) —— il fi/gee's 16

m Train an MVA using just Multijet Background and Signal
m Reject all events with Multijet MVA Output < -0.5



Multijet MVA

KS:0798, 32 :0.296

value

V+4 jets, Pre-tag Data (Expected)
~ F Int.: 1722 (1729.2 + 26.9)
g C DZ Runllb23, internal :Vlul';l;;.’ s
3307+
500 wosa s 24
8 S/B: 1e-03, SNB: 0.046 Int.:486.3t 7.1
s - Wac
5400 F Int:A70.2¢ 4.2
C W+b
C - ln:: 50.1% 1.6
300
200
= single-top
: Int.:10.6 0.2
1001~ - :‘4‘1 6.0+ 02
: I
| Int:41.1+ 0.8
Multijet MVA ok z.
1 08 -06 04 02 0 02 04 06 08 W -0

WWW, m[165GeV/c *] (x500)
MVA Multijet, m (105) e

m Removes 72% of Multijet Background at a cost of 0.2
Signal Events (9.5%)

m Results in a 47.1% improvement in the Signal to
Background Ratio



Training a Final MVA

m In order to best discriminate between signal and
background, we trained Final MVA's for our channel

m Utilized many of our new WWW Variables

m Trained on all backgrounds, not just Multijet

Final MVA
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Final MVA

KS: 0.774, 2 | :0.139
V+4 jets, Pre-tag Data (Expected)
Int.: 1722 (1729.2 + 26.9)

DJ Runlib23, internal Multijet
Int.:339.7 + 24.8

(4]
=]

W+
S/B: 1e-03, SNB: 0.046 Int.:486.3+ 7.1
W+c
Int.:170.2+ 4.2
W+b
Int.: 50.1+ 1.8

zZ+if
Int: 543+ 2.0

[
Int:19.7+ 0.8
[

Int: 7.8+ 0.3

engries / 0.12
=1
=]

150

100 q
Int:542.2+ 5.7
single-top
Final MVA Int:10.6+ 0.2
50 wz
Int: 6.0+ 0.2

.
Int: 411+ 0.8
m:

Int: 1.3+ 0.0

0 :
-1 -08 06 04 02 0 02 04 06 08 WWW, m{165GeVic ] (x500)
MVA FINAL, m H(145) Int: 1.9+ 04

Preliminary Stages: Further Optimizations to Come!
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Results

200 ; ; ;
~§ g D@ Work In Progress, L=7.5 ftj’
I G M Wi — Observed Limit
& 1503 S Expected Limit ™
2 b
T |
|£-1DD; )
el B A
© L "_
EL™)
- 50 :
0Stgndard Mode| = 1.0
120 130 140 150 160 170 180 190 200
Results my, (GeV/ch)
m Sensitive to WH - WWW —lv.jj.57 to 20 x SM from
150 — 180 GeV
m This will only get better as we continue to optimize our
MVA's
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m Much has been accomplished this summer.
m Majority of Analysis Code Working:

m Both Electron and Muon SubChannels.
m Multivariate Analysis Code.

m Preliminary Sensitivity Plots.

m On our way to building a publication.
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Questions?

m Questions?
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